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1. Introduction
Kidney is a crucial organ in excretory system. It
getting rid wastes and water from the blood, balance 
chemicals in the body, produce vitamin K and assist in 
controlling blood pressure. Hence, failure in the 
functioning of kidney system gives huge impact in one’s 
life. Due to increasing cost of medical treatment nowadays, 
detecting of kidney failure from an early stage are more 
practical and benefit patients [1]. 
In order to detect kidney abnormalities, ultrasound is 
the most preferred medical modality compared to MRI and 
CT scan. It is non-invasive and does not expose the patient 
to any radiation [2]. Basically, there are four main types of 
ultrasounds in the world. There are two-dimensional 
ultrasound (2-D US), three-dimensional ultrasound (3-D 
US), four-dimensional ultrasound (4-D US), and doppler 
ultrasound. In analyse kidney’s condition, most critical 
measurement is the longitudinal length. Hence, in our 
research, we are focusing on the 2-D US as it is a standard 
medical modality to be used by medical practitioners. 
Due to the evolution in medical technology, 
researcher predicts that the number of ultrasound will 
increase with time. According to [3], in 2007, there were 
at least 200,000 low cost ultrasound machines in the world. 
However, in the researcher survey, most low cost 
ultrasound machines are a deficiency in terms of safety and 
output images [3]. To make it worse, the analysis of 
ultrasound images totally depends on knowledge and 
experiences of sonographer and physicians. Consequently, 
the possibility of human error during analysis process are 
high where it threaten patient condition.  
The main reason of misdiagnosing is the medical 
practitioners fail to differentiate texture in ultrasound 
images due to the low quality of ultrasound image caused 
by speckle noise. To overcome this problem, we 
investigate the differences and similarities feature of 
kidney ultrasound images between low cost ultrasound 
machine and conventional ultrasound in four different two-
dimensional ultrasound machines. 
2. Literature review
Texture analysis is a crucial process in image
processing to identify hidden data, reducing the error on 
image besides improving the classification results. It 
defines the image texture based on coarsens, granulation, 
regularity, randomness and smoothness of image texture. 
Tamilselvi & Thangaraj categorize texture analysis in four 
types; structural, statistical, model-based and transform 
based [4] while Ranjitha M. and G. M. Nasira listed three 
types of texture feature which are the spectral approach, 
statistical approach and structural approach [5]. Based on 
our knowledge, most of the research in kidney ultrasound 
images applied the statistical approach in analysing image 
texture. 
According to [4], two popular techniques in texture 
features are first and second order coefficients and 
structural coefficients. Raja et al. extracted features in 
kidney US images based on content descriptive multiple 
features [3], geometric moments feature [4] and regional 
gray-level distribution [5]. The results show that feature 
extraction from kidney US images based on those features 
is possible and they are highly effective in classifying the 
kidney diseases and disorders. Karthikeyini et al. used 
principal component analysis (PCA) method and their 
analysis shows that there exists an appreciable measure of 
relevance for weight vector in classifying kidney images 
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[4], [6]. Those previous works however still have 
weaknesses due to accuracy and processing time. Hence, 
we use different types of feature extraction parameters 
based on intensity histogram features and Gray Level Co-
Occurrence Matrix (GLCM) features for extracting 
features.   
In [6], the researcher applied 5 techniques on texture 
analysis. There is first order statistic (FOS), gray level co-
occurrence matrix (GLCM), run-length matrix (RLM), 
moment invariants and Law’s texture energy measures. 
The research concluded that combination of RLM and 
GLCM produced optimal results compare with another 
method. M. Vasantaha et. al. [7] used intensity histogram 
features and GLCM in differentiating features of the 
normal image, benign image and malignant image in a 
mammogram. GLCM used five features (energy, contrast, 
correlation, entropy, and homogeneity) which result in 
classified malignant and benign tumors in the liver. 
Researcher applies GLCM with four features, angular 
second moment, correlation, inverse difference moment 
and entropy using Xilinx FPGA in analysis image [8]. 
Another researcher analysed texture of kidney images 
using statistical value, range, standard deviation and 
entropy to generate automatic kidney detection in 
ultrasound images [9]. In this study, the researcher use four 
different types of kidney images, normal, bacterial 
infection, cystic disease and kidney stone from one 
ultrasound machine whilst our study analysed normal 
kidney images from four different types of ultrasound 
machines.  
 
3. Methodology 
Materials and method for each experiment will be 
explained briefly in this section. Fig. 1 shows the 
experimental chart starts with image acquisition, image 
pre-processing and feature extraction.  
 
 
Fig.1 Experimental chart 
3.1 Image acquisition 
The subject involved in this research are healthy right 
kidney images from male and female kidney with age 25 
to 35 years old. 47 kidney ultrasound images were 
extracted from four different ultrasound machines to 
analysed. We name each ultrasound as ultrasound A, B, C 
and D. Ultrasound A is a portable ultrasound made in 
China. It costs RM7500. Ultrasound B is a conventional 
ultrasound with basic technical specifications while 
Ultrasound C and D are produced by top ultrasounds 
manufacturer in the world with 4-dimensional options 
provided in the machine. Compound imaging, tissue 
harmonics, speckle reduction, and storage file are four 
main technical specifications considered in these 
experiments. Table 1 indicates the technical specifications 
for those four ultrasound machines.  
 
Table 1 Technical specifications for ultrasound 
 
Ultrasound 
machine 
A B C D 
Compound 
imaging 
X / / / 
Tissue 
harmonics 
X / / / 
Speckle 
reduction 
X X DICOM DICOM 
Storage file .bmp .jpg DICOM DICOM 
 
Compound imaging is a product of multiple frames 
from different angles or different frequency that combines 
to built a single multifrequency compound image [10]. It 
improves vision on low-contrast lesion besides used 
widely in the peripheral vasculature, breast and 
musculoskeletal system [11]. Compound imaging and 
tissue harmonics are two modes add in ultrasounds as a 
standard breast sonography and expected to improve 
detection and characterization of breast masses [10]. 
Tissue harmony is a situation where propagation of 
ultrasound beam through tissue generate higher harmonics 
frequencies which generate sonogram [12]. Tissue 
harmonics enhance lateral resolution, decrease side lobe 
artifacts, improved signal-to-noise ratio, and produce 
excellent contrast resolution [12], [13]. Plus, this leading-
edge technology is a saviour on difficult-to-scan patients 
or patient with the obesity problem.  
Speckle reduction is also known as speckle reduction 
imaging (SRI). It enhances the visibility of organs and 
lesions which improved contrast and decrease the impact 
of speckle noise. 
Digital Imaging and Communications in Medicine 
(DICOM) standard, created by National Electrical 
Manufacturers Associations (NEMA) is the most standard 
for receiving medical image scans in hospital. DICOM is 
commonly used in medical storage. Research by Mr. D. C. 
Dhanwani and Prof. M. M. Bartere conclude that DICOM 
images produce more accurate result compare to non-
medical images (.jpg,.png,.bmp) [14]. On the other hand, 
BMP, introduced by Microsoft® is supported by most 
Start 
Image acquisition 
Image pre-processing 
Feature extraction 
Significant of feature extraction 
Stop 
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applications. BMP is somewhat a simple format which 
lacks many features compared with others and it is said that 
BMP is the lowest common denominator format for 
interchanging images between programs [15]. Developed 
by PNG Development Group, PNG is a capable 
replacement for some uses of GIF and TIFF file. It includes 
metadata compression, built-in error and gamma 
correction and free compression algorithm [15]. 
 
3.2 Image pre-processing 
Image pre-processing of kidney involved four steps, 
cropping the image, image enhancement, image filtering 
and image performance analysis. The flow chart in Fig. 2 
displays the flow chart of the pre-processing kidney. 
Firstly, all the ultrasound images contain kidney will be 
cropped in rectangular size 400x400 pixels to remove 
unwanted part. Next, kidney image will be enhanced. For 
image enhancement, the contrast in the image will be 
increased. Since kidney image in ultrasound D has very 
low contrast, the ultrasound images were enhance using 
histogram equalization. Histogram equalization is a 
popular technique used by the previous researcher in 
enhanced ultrasound kidney images [16]–[19]. It will 
enhance the visibility of image as a whole which produces 
a uniform distribution of grayscale image [20].  Images 
then will be filtered using wiener filter with 3-by-3 
window size. 
 
Fig. 2 Flow chart of pre-processing kidney 
 
3.3 Feature extraction 
Cropping images in 400x400 pixels contain kidney 
images and unwanted region. Therefore, manual cropping 
is done in each image. Next, two main popular methods, 
gray level co-occurrence matrix (GLCM) and intensity 
histogram (IH) used in to analyse the image. Main 
purposes of this step are to determine similar features that 
can be used by all four ultrasounds. 
i. Gray level co-occurrence matrices (GLCM): Gray 
level co-occurrence matrices (GLCM), or also 
popular as gray tone spatial dependence matrix is a 
statistical method which calculates the rate of 
occurrence in a combination of pixel values in image 
spatial. The founder of GLCM, Haralick proposed 14 
features to extracts from GLCM [21]. In GLCM, four 
parameters are used in achieving the objective of the 
experiment. There are contrast, correlation, energy, 
and homogeneity. The equation [22] of each feature 
is shown in equation (1) until (4); 
1
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In equation (1) until (4), 𝑝 (𝑖, 𝑗)  is element of 
normalized co-occurrence matrix of filtered image 
from the previous step, 𝑁𝑔 is number of distinct gray 
level in quantized image, element 𝑖  and j  indicates 
element row and column in image pixel while 𝜇𝑥𝜇𝑦 
are mean while 𝜎𝑥𝜎𝑦  are standard deviation of 
marginal distribution of co-occurrence matrix. 
ii. Intensity histogram (IH): In intensity histogram, 
mean, standard deviation, skewness and variance 
are four selected parameters. Intensity histogram 
analysis used widely in image processing. In this 
research, four features are considered; mean, 
standard deviation, skewness, and variance. Mean 
IH calculates the average of a pixel in the image 
and represents individual classification. Also 
known as the square root of the variance, standard 
deviation is a quantity measurement that 
calculates the area of deviation in a group and 
useful to characterize a cluster of the image. 
Meanwhile, skewness measure asymmetry of 
data around the sample means while variance is 
effective in determining the homogenous region 
of a pixel. Equation of each parameter are as in 
equation (5) until (8) [23]; 
1
[ ( , )]
n
k m all
Mean u m i n j
T
                       (5) 
Standard deviation = 
1
[ ( , ) ( , )]
n
k m all
u m i n j M i j
T
               (6) 
31 [ ( , ) ( , )]
n
k m all
Skewness
u m i n j M i j
T

  
                 (7) 
Start 
Image cropping 
Image enhancement 
Image filtering 
Stop 
N. A. Shaharuddin et al., Int. J. of Integrated Engineering - Special Issue 2018: Seminar on Postgraduate Study, Vol. 10 No. 3 (2018) p. 42-47 
 
 
 45 
21 [ ( , ) ( , )]
n
k m all
Variance
u m i n j M i j
T

  
               (8) 
Where u(m, n) is a discrete image, 𝑇𝑘 is sum of 
pixels in image pixels, M is mean for image pixel 
(i,j).   
 
iii. Significant of texture analysis: In order to find the 
most relevant features that can be used in all 
ultrasounds, ANOVA technique is used. ANOVA 
is a technique in analysis of variance which 
determines differences between two or more 
independent groups. In our case, since our aim is 
to find the similarities feature of ultrasound, null 
hypothesis, ℎ𝑜  with value higher than 0.05 will 
be choose to be used in the next step. 
 
4.   Result and discussion 
For each ultrasound, the mean value for each features 
were calculated. Table 2 and 3 shows mean value of 47 
kidney ultrasound images in GLCM features and IH for 
each ultrasound machine. 
 
Table 2 Mean value of GLCM in ultrasound image 
 
GLCM 
feature 
Ultrasound machine 
A B C D 
Contrast 0.06 0.06 0.06 0.06 
Correlation 0.99 0.99 0.99 0.99 
Energy 0.85 0.84 0.65 0.69 
Homogeneity 0.99 0.99 0.987 0.99 
 
Table 3 Mean value of intensity histogram in ultrasound 
image 
 
IH Feature Ultrasound machine 
A B C D 
Mean 24.03 24.54 55.66 34.04 
Standard 
deviation 
61.45 58.97 67.21 52.09 
Skewness 2.34 2.22 0.57 1.32 
Variance 3788.06 3495.46 4562.90 2755.26 
 
Based on Table 2 and Fig. 3, ultrasound D has the 
highest value in contrast parameter while ultrasound B has 
the lowest value of contrast parameter. In correlation 
parameter, ultrasound C has the highest value while 
ultrasound B is the lowest. For energy parameter in 
GLCM, ultrasound A has the highest value while 
ultrasound C has the lowest. Homogeneity, on the other 
hand, indicates the highest value for ultrasound A while 
ultrasound C is the lowest. For percentage difference in 
GLCM features, energy has the biggest difference between 
ultrasound machine (26.60%) followed by contrast 
(9.39%), homogeneity (1.21%) and correlation (0.48%).  
From Table 3 and Fig. 4, in overall, features in 
intensity histogram produce a huge difference between one 
another. Ultrasound A and B produce almost similar value 
of intensity histogram features while ultrasound C has the 
lowest value in skewness but the highest in mean, standard 
deviation and variance feature. Ultrasound D generate the 
lowest value in standard deviation and variance.  
Percentage difference in mean feature is 79.39% with 
the highest mean value is ultrasound C and lowest is 
ultrasound A. Standard deviation (25.34%) has the lowest 
percentage difference between all ultrasound features. 
Ultrasound D indicates the lowest standard deviation value 
(52.09) while ultrasound C is the highest (67.21). Variance 
feature also shows high difference value between all 
ultrasounds (49.40%) with the highest value is ultrasound 
C (4562.90) and the lowest value is ultrasound D 
(2755.26). From the value of standard deviation and 
variance, it can be concluded that brightness of ultrasound 
images is as below: 
Ultrasound C > ultrasound A> ultrasound B > 
ultrasound D 
Ultrasound C produces skewness value less than 0.5, 
that shows that image distribution in ultrasound image C is 
approximately symmetric. On the other hand, images in 
ultrasound A, B, and D are highly skewed as its value are 
more than 1. Skewness produces highest percentage 
difference between all the features (121.60%).  
Feature with small percentage difference between 
each ultrasound machine group then selected to be 
analysed with ANOVA using SPSS. For GLCM group, 
homogeneity, correlation, and contrast were selected while 
in intensity histogram parameter, the standard deviation is 
selected. 
 
Figure 3 Graph of mean value of GLCM in kidney 
ultrasound image 
 
 
Figure 4. Graph of mean value of intensity histogram in 
kidney ultrasound image 
 
Table 4 indicates ANOVA significance value between 
all ultrasound groups. The significant value of GLCM 
contrast is 0.09, which is small than 0.05. Hence, ℎ𝑜 for 
GLCM contrast is rejected. Value of significance ANOVA 
for other parameters, GLCM correlation, GLCM 
0
2
   Contrast Correlation Energy Homogeneity
Ultrasound A Ultrasound B
Ultrasound C Ultrasound D
0
5000
Mean Standard
 Deviation
Skewness Variance
Ultrasound A Ultrasound B
Ultrasound C Ultrasound D
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homogeneity, IH standard deviation is 0, which means that 
ℎ𝑜for these parameters is accepted. Since our experiment 
indicates similarities features between ultrasound, GLCM 
contrast will be used in the classification step as it 
rejected ℎ𝑜. 
 
Table 4 ANOVA significance value between all ultrasound 
groups 
Texture feature Parameter Value 
Gray level co-
occurrence matrix 
(GLCM) 
Contrast 0.09 
Correlation 0 
Homogeneity 0 
Intensity Histogram 
(IH) 
Standard 
Deviation 
0 
 
5. Conclusions 
The output of ultrasound images is different from one 
ultrasound to another. 188 kidney ultrasound images from 
4 different ultrasound machines have successfully extract. 
The result shows that GLCM energy and IH variance in 
four ultrasounds have huge different between groups. In 
terms of image brightness, ultrasound C produce the 
brightest image while ultrasound D is the darkest. Based 
on ANOVA test, GLCM contrast parameter has been 
choose to be used in the classification process. 
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